Gene Set Enrichment Analysis (GSEA) is a basic tool for genomic data treatment. Its test statistic is based on a cumulated weight function, and its distribution under the null hypothesis is evaluated by Monte-Carlo simulation. Here, it is proposed to subtract to the cumulated weight function its asymptotic expectation, then scale it. Under the null hypothesis, the convergence in distribution of the new test statistic is proved, using the theory of empirical processes. The limiting distribution needs to be computed only once, and can then be used for many different gene sets. This results in large savings in computing time. The test defined in this way has been called Weighted Kolmogorov Smirnov (WKS) test. Using expression data from the GEO repository, tested against the MSig Database C2, a comparison between the classical GSEA test and the new procedure has been conducted. Our conclusion is that, beyond its mathematical and algorithmic advantages, the WKS test could be more informative in many cases, than the classical GSEA test.
lower weights ( depletion) or both (two-tailed test) . In what follows, only the development of the two-tailed test will be detailed. The one-tailed tests are easily deduced.
Denote by N the total number of genes (N20,000 for the human genome). It will be convenient to identify the genes to N regularly spaced points on the interval [0, 1], and their weights to the values of a positive valued function g, defined on [0, 1]: gene number i corresponds to point i/N, and its weight w i to g(i/N). In Subramanian et al. (2005) , the numbering of the genes is chosen so that weights are ranked in decreasing order. Thus, the weights usually appear to vary smoothly between contiguous genes, and the function g can be assumed to be continuous.
The gene set is included in the set of all genes. Let n be its size. In practice, n ranges from a few tens to a few hundreds: n is much smaller than N. With the identification above, it is considered as a subset of size n of the interval [0, 1], say {U 1 , …, U n }. If there is no particular relation between the weights and the gene set (null hypothesis), then the gene set must be considered as a uniform random sample without replacement of the set of all genes. The fact that the gene set size n is much smaller than N, justifies identifying the distribution of a uniform n-sample without replacement of {1/N, …, N/N} to that of a n-sample of points, uniformly distributed on [0, 1] . Therefore, the null hypothesis is: H0: The gene set is a n-tuple (U 1 , …, U n ) of independent, identically distributed (i.i.d.) random variables, uniformly distributed on the interval [0, 1].
The basis of the test statistics is the following step function, cumulating the proportion of weights inside the gene set, along the interval [0, 1]. It is defined for all t between 0 and 1 by:
where I denotes the indicator of an event. The absolute test statistic proposed by Subramanian et al. (2005) is: [0, 1] sup| ( ) |. The motivation is best understood in the particular case where the weights w i are constant. Then the function g is also constant, and: 1 1 ( ) . k n n Ut k S t n ≤ = = ∑ I This is the empirical Cumulative Distribution Function (CDF) of the sample (U 1 , …, U n ). The test statistic T n is the maximal distance between that empirical CDF and the theoretical CDF of the uniform distribution on the interval [0, 1]. In other terms, n nT is the Kolmogorov Smirnov (KS) test statistic for the goodness-offit of the uniform distribution on [0, 1] to the sample (U 1 , …, U n ) (Arnold and Emerson, 2011) . The constant weight case was initially proposed by Mootha et al. (2003) , who explicitly referred to the KS statistic [see also ( Subramanian et al., 2005, Supporting text, p. 5, 6, 11) , Tarca et al. (2013) and Ycart et al. (2014) ]. In the general case where the weights are not constant, the distribution of the test statistic T n under the null hypothesis is unknown. In the current implementations, it is approximated by Monte-Carlo simulation on 1000 random samples (Subramanian et al., 2007) .
Our first remark is that in the non constant case, the limit of S n (t) as n tends to infinity is not t, as (2) seems to suggest, but instead:
Thus the GSEA test statistic T n is not appropriately centered, unless the weights are constant. Instead, the following test statistic should be used:
The objective of this paper is to derive the asymptotic distribution of n T * under the null hypothesis, then deduce from the mathematical result a practical testing procedure, and compare the outputs of that procedure to those of the classical GSEA test.
Our theoretical result is the following. 
As n tends to infinity, the stochastic process {Z n (t),
The hypothesis 1 0 ( )d 1 g u u= ∫ induces no loss of generality: since g is continuous and positive, its integral is positive; g can be divided by its integral without changing the values of the cumulated proportion of weights S n (t). The proof of Theorem 1.1 will be given in Section 2. It is based on the theory of empirical processes, for which Shorack and Wellner (1986) and Kosorok (2008) will be used as general references.
The first consequence of Theorem 1.1 for GSEA, is that as n increases, the distribution of the proposed test statistic n T * under the null hypothesis, tends to that of the following random variable T:
where the random process Z is defined by (5). Denote by F its CDF: for all x > 0,
Observe that F(x) only depends on g, i.e., on the weights of the vector to be tested. Except in the classical KS case of constant weights, F does not have a closed-form expression, but a Monte-Carlo approximation is easily obtained. The testing procedure generalizes that of the classical KS test: since the test statistic n T * has asymptotic CDF F under the null hypothesis, the p-value of an observation n T x * = is 1−F(x). That testing procedure will be referred to as Weighted Kolmorov Smirnov (WKS) test. Using the terminology of Goeman and Bühlmann (2007) , the WKS test is a "competitive" method. The WKS test assumes that the random variables are independent and identically distributed and thus suffers from the same limitations as other well known methods [see for instance Kim and Volsky (2005) , Irizarry et al. (2009) ]. The technique of incorporating a variance inflation factor, as proposed by Wu and Smyth (2012) , could be employed. As was shown in Ycart et al. (2014) , partitioning the genes according to their frequencies should also reduce the false detection rate. A crucial feature is that, since F only depends on the weights, the same evaluation of F can be repeatedly used for many gene sets, which saves computing time. Of course, the repeated application of a test to a full database of several thousand gene sets poses the problem of false discovery rate (FDR) correction. In applications, we have used the method of Benjamini and Yekutieli (2001) : see Dudoit and van der Laan (2007) for multiple testing procedures in genomics.
Like the KS test, the WKS test is based on an asymptotic result. In practice, it is used for finite values of n. Therefore, it is necessary to determine for which size n of gene sets, the test can be applied with good precision. A Monte-Carlo comparison of the cumulative distribution function of n T * to its limit F for different values of n was conducted. Our conclusion is that the asymptotic test can be safely applied for gene set sizes n larger than 40. For lower values, Monte-Carlo estimation of the p-value can be used instead. Beyond validation through simulated values, it was necessary to compare the outputs of the WKS test to those of the classical GSEA test, on real data. Inside the GEO dataset GSE36133 of Barretina et al. (2012) , we have selected vectors (samples) from different types of tumors. These vectors were tested against all gene sets of MSig database C2, calculating for each sample the p-values of both tests. The gene sets known to be related to the same type of cancer as the initial vector were of particular interest. An example corresponding to a sample of liver tumor will be reported; we consider it as typical of the observations that were made with other samples. The obtained results are encouraging: the WKS test tends to output less significant gene sets than the classical GSEA test out of the whole database, but more out of those gene sets related to the correct type of cancer. Our conclusion is that, beyond its mathematical and algorithmic advantages, the WKS test could be more informative in many cases, than the classical GSEA test.
The article is organized in the following way. In Section 2, Theorem 1.1 is proved, and the asymptotic distribution of n T * is deduced. Section 3 is devoted to the statistical application, beginning with the description of the Monte-Carlo algorithm of calculation of p-values. Results of simulated tests are reported next. Finally, examples of comparison of the WKS test with the GSEA test on real data are discussed.
Theoretical background
The notations and results of Kosorok (2008) will be used. In particular, throughout the section,  denotes the weak convergence of processes in ℓ ∞ ([0, 1]). We first give the proof of Theorem 1.1, which asserts the convergence Z n Z, where Z n is the empirical process defined by (4), and Z is the Gaussian bridge defined by (5).
Proof. The idea is the following. Consider:
Using the general results on empirical processes and Donsker classes, exposed in Section 9.4 of Kosorok (2008), it will be proved that 1 . 
∑ ∫
The convergence Z n Z follows as an application of Slutsky's theorem: Theorem 7.15 of (Kosorok, 2008, p. 112).
The random variable 1 ( ) n Z t can be written as follows:
denoting by G the primitive of g, as before. Empirical processes are customarily written as function-indexed processes. Define the class of functions F by:
Denote by P n the empirical measure of (U 1 , …, U n ), by P the uniform distribution on [0, 1], by P n f and Pf the integrals of f with respect to P n and P (Kosorok, 2008, p. 11 ). For f ∈F, define 1 ( ) n Z f by:
Obviously, for all t∈[0, 1],
Let us prove that F is a Donsker class. Firstly, observe that the following class F 1 is Donsker.
Indeed, for f ∈F 1 , the process ( ) n n f f − P P converges weakly to the standard Brownian bridge. Since all functions in F 1 take values between −1 and 1, the supremum of |Pf | over F 1 is not larger than 1. The function g, being continuous on a compact interval, is bounded and measurable. From Corollary 9.32, p. 173 of Kosorok (2008), it follows that F is also Donsker. The convergence of 1 n Z now follows from the result of (Kosorok, 2008, p. 11). The limit 1 Z is a zero mean, F -indexed, Gaussian process. Its covariance function is defined, for all f 1 , f 2 in F by:
Through (9), the convergence of 1 n Z induces the convergence of 1 , n Z to a zero mean, [0, 1] -indexed process Z 1 . Let us compute the covariance function of Z 1 . For s, t in [0, 1], let:
Applying (10) to these functions f 1 and f 2 yields:
There remains to be proved that Z 1 and Z have the same distribution, where Z is defined by the representation (5) in terms of the standard Brownian motion W:
It is a well known fact that the primitive of a deterministic function with respect to the Brownian motion is Gaussian: therefore Z is a Gaussian process. The covariance function is easily calculated, using formula (32), p. 128 of Shorack and Wellner (1986) : it is indeed defined by (11). The processes Z 1 and Z are both Gaussian, their means and covariance are equal, therefore they have the same distribution.
� As explained in the introduction, the random variable of interest for GSEA is the supremum of the process |Z| over the interval [0, 1].
Corollary 2.1. Under the notations and hypotheses of Theorem 1.1, let
Then n T * converges in distribution to
where W denotes the standard Brownian motion.
Proof. The mapping fsup t∈[0, 1] |f(t)|, from l ∞ ([0, 1]) into ℝ + , is continuous. From Theorem 1.1, Z n Z. The conclusion follows as an application of Theorem 7.7, p. 109 of Kosorok (2008) . � 3 Statistical application
Implementation
The R code (R Core Team, 2013) implementing the WKS test has been made available online, together with a user manual and samples of data. Several issues regarding the implementation are discussed here. The essential step is the evaluation of the cumulative distribution function distribution F defined by (6), or else:
A Monte-Carlo calculation has to be used. First of all, sample paths for the stochastic process
∫ must be simulated. This is done using a standard Euler-Maruyama scheme: see Sauer (2013) for a review of numerical methods for stochastic integrals and differential equations. A regular subdivision of the interval [0, 1] into m intervals is chosen:
Recall that in practice, the function g is known at points i/N representing the genes. Hence it is natural to choose m = N. The stochastic integral is approximated by a sum:
The increments W t i+1 −W t i are easily simulated as i.i.d. centered Gaussian variables, with variance 1/m. An estimate of the CDF F is obtained by simulating nsim discretized trajectories of Z, taking the maximum of the absolute value of each, then returning the empirical CDF of the obtained sample. The algorithm can be written as follows.
Algorithm 1 Approximation of F 1: Simulate increments of the Brownian motion on t 0 , …, t m , 2:
, 3: get cumulated sums of the previous sequence, 4: deduce the discretized trajectory for {Z(t), t∈[0, 1]} at t 0 , …, t m , 5: compute the maximum absolute value of the previous sequence, 6: repeat nsim times steps 1−5, 7: return the empirical distribution function of the obtained sample.
Actually, since F(x) is evaluated as the proportion of a sample below x, the result must take the uncertainty into account. We propose to return the lower bound of the 95% left-sided confidence interval, instead of the point estimate. This gives an upper bound for the p-value, which is a conservative evaluation. As stated before, the CDF F only depends on the weight function g. The relation between g and F is illustrated on Figure 1 . Five different CDF's have been computed, for g k (x) = (k+1)(1−x 1/k ), k = 0, 1, 2, 3, 4. Denote them by F 0 , …, F 4 . The case k = 0 is that of constant weights, and can be used as a validation for the algorithm above: F 0 is the Kolmogorov Smirnov CDF, which has an explicit expression. It can be checked that the estimate output by Algorithm 1 is close to the known exact function. The curves of Figure 1 were obtained via 20,000 Monte-Carlo simulations, over 15,000 discretization points. It turns out that for all x, F 0 (x) > … > F 4 (x): the steeper g, the smaller F, and the larger the p-values. The differences between the curves are sizable: calculating sup|F k −F 0 | for k = 1, …, 4 gives 0.199, 0.271, 0.324, 0.356. Theoretical functions g may seem of little practical interest. This is not so, for two reasons. The first reason is the use of robust statistics [see Héritier et al. (2009) as a general reference, and Tsodikov et al. (2002) for application to expression data]. If the initial values are replaced by their ranks, then the weights are N, N−1, …, 2, 1. Therefore, the weight function is g 1 (x) = 2(1−x). This justifies calculating F 1 with good precision, which makes the WKS test fast and precise, for all uses over rank statistics. We have done so, using 10 6 Monte-Carlo simulations, and 10 5 discretization points. The second reason is the observation of F when the weights come from real data. Eight different GEO datasets were considered: GSE36382 (Mayerle et al., 2013) , GSE48348 (Westra et al., 2013) , GSE36809 (Xiao et al., 2011) , GSE31312 (Frei et al., 2013) , GSE48762 (Obermoser et al., 2013) , GSE37069 (Seok et al., 2013) , GSE39582 (Marisa et al., 2013) , and GSE9984 (Mikheev et al., 2008) . Several samples of expression levels in each study were selected. In each sample, the expression levels were ranked in decreasing order, and Algorithm 1 was applied in order to obtain an estimation of F. For all real datasets, the estimated F was such that F 4 (x) < F(x) < F 0 (x). It seems to be the case in practice that F 4 and F 0 provide lower and upper bounds for F.
The next algorithmic point concerns the calculation of the test statistic, that is the value of n T * defined by (3) for a given set of weights and a gene set of size n: The values g(U k ) are the weights of genes inside the gene set. Observe that, if the same vector has to be tested against many gene sets, the calculation of G(t) (cumulated sums of all weights) must be done only once. The value of n T * is returned by a procedure similar to that of the classical KS test. Consider two nondecreasing functions f and h where f is a step function with jumps on the set {x 1 , …, x n } and h is continuous. The supremum of the difference between f and h is computed as follows (Arnold and Emerson, 2011, p. 35 
As mentioned in the introduction, the WKS has been made one-sided, by testing the signed difference between S n (t) and G(t): a gene set for which the infimum of S n (t)−G(t) is significantly negative, contains genes whose weights tend to be small (depletion). Conversely, gene sets for which the supremum of S n (t)−G(t) is significantly positive, contain genes whose weights tend to be large (enrichment).
Validation of asymptotics on simulated data
Since the WKS test relies on a convergence theorem, it is necessary to determine the values of n (the gene set size) for which the procedure yields precise enough results. Such a validation is standard. For a given n, a sample of gene sets of size n is simulated, under the null hypothesis. For each of them, the test statistic is computed, thus a sample of values of the test statistic under the null hypothesis is obtained. The goodnessof-fit of the theoretical CDF F to the empirical CDF of the sample is tested by the (classical) KS test. Figure 2 shows results that were obtained for two functions g: one is g 1 (x) = 2(1−x) (left panel), the other one comes from real data: a sample in GSE36133 of Barretina et al. (2012) (right panel). The evaluation of F 1 was done over 10 6 Monte-Carlo simulations, and 10 5 discretization points, as explained in the previous section. For the real data, the number of discretization points was m = N = 18,638, and the number of Monte-Carlo simulation was nsim = 20,000. The values of n range from 5 to 1100 by step 5. For each n, 1500 uniform random gene sets of size n were simulated. The negative logarithm in base 10 of the KS p-value is plotted. On each plot the horizontal line corresponding to a 5% p-value has been added. The p-values are small until n = 40, they stay above 5% after. This is coherent with what is observed for most asymptotic tests, and in particular the classical KS test. Beyond statistical validation, the comparison of the exact CDF, estimated over random gene sets, with the theoretical asymptotic F reveals an interesting feature of the WKS test: the exact CDF tends to be smaller than F. This implies that the asymptotic p-value tends to be larger than the true one, or else that the procedure is conservative: small gene sets are less likely to be declared significant by WKS. However, if a better precision is needed for gene set sizes smaller than 40, then an estimation of the distribution of n T * through Monte-Carlo simulation should be preferred.
On Figure 2 , there is no clear difference between the theoretical g (left), and real data (right). However, it must be recalled that the null hypothesis H0, under which simulations have been done in both cases, is that the gene set is a sample of uniform random variables on the interval [0, 1]. However, in practice, the gene set should be considered instead as a random subset without replacement of the set of all genes. If the gene set size n is small compared to the total number of genes N, the difference is negligible. We have conducted another set of experiments, where gene sets were simulated by extracting random samples without replacement from {1/N, …, N/N}. The results (not reported here), show a good agreement with those of Figure 2 , until n = 1000. Beyond that value, the asymptotics becomes less precise. It must be observed that gene sets of size larger than 1000 are relatively rare (28 out of the 4722 gene sets of C2).
Comparison with classical GSEA
In this section, a very limited selection of real data is presented. It is only intended as an illustration of the method. Many more tests have been carried out. We consider the results reported below as representative of the observations that can be obtained on different situations.
Several vectors coming from the GEO repository were tested against all 4722 gene sets in the MSig C2 database, using the classical GSEA, and the WKS tests. The vectors that were used came from the GEO dataset GSE36133 of Barretina et al. (2012) , annotated using the org.Hs.eg.db package of Carlson (2012) . This gave N = 18,638 different gene names. Observe that applying the tests, the gene sets are necessarily reduced to those N genes. Out of the 21,047 different gene symbols present in C2, only 16,683 were common with the N genes of the chosen vectors.
For a given vector, two sets of 4722 p-values were obtained, one with the GSEA test, the other with the WKS test. Results that can be considered as typical are represented on Figure 3 . In that case, the vector contained expression data from liver tumor tissue. Out of the 4722 gene sets of C2, 129 have "liver" in their title. They were considered as related to liver cancer, and the corresponding points are represented as red triangles on the figure. The negative logarithms in base 10 of the p-values of both tests have been plotted, thus the figure displays 4722 points corresponding to p-value pairs. For comparison sake, only raw p-values are considered, without FDR adjustment. A p-value of 5% is marked by a dashed black line: points on the right of the vertical line are significant for the classical GSEA test, points above the horizontal line are significant for the WKS test. For the WKS test, the CDF F was calculated over m = N = 18,638 discretization points, and the number of Monte-Carlo simulations was nsim = 10 5 . For the classical GSEA test, the number of Monte-Carlo simulations had to be limited to 10 4 .
The vertical dotted lines appearing on the right of the graphic are artefacts, due to the Monte-Carlo method for the GSEA test: the rightmost line corresponds to cases where the point-estimated p-value is equal to 0. Apart from these artefacts, it must be observed that the results of both tests are globally coherent: 2501 database gene sets were significant (p-value smaller than 5%) for the WKS test, 2764 for GSEA, 2268 for both. There are no points in the bottom right corner of the graphics: when a p-value is very small for GSEA, it is never large for WKS. The converse is not true: many points in the upper left corner correspond to gene sets with a large p-value for GSEA, small for WKS.
More interesting is the analysis of liver-related gene sets. Out of 129, 76 were declared significant by the WKS test; 70 by the GSEA test, 66 by both. Therefore, 10 gene sets were declared significant by WKS only, and 4 by GSEA only. Figure 4 plots the cumulated proportions of weights S n (t) for those 14 gene sets. On the same plot, the functions t (bisector), to which the classical GSEA test compares S n (t), and G(t), used as a centering by WKS, also appear. On the graphic, the reason why a gene set may be declared significant by one test and not the other, is clear. The 4 gene sets declared significant by GSEA and not WKS, are represented by blue step functions; they are above the G curve. They are indeed far from the bisector, but not far enough from G. Inside the corresponding gene sets, the weights of the genes tend to be representative of the global distribution of weights, and declaring them as significant by comparing to the bisector can be regarded as a bias. Moreover, it should be observed that 3 out of the 4 have size below 19. As already explained, when dealing with very small sizes, the WKS test tends to underrate significance. Conversely, the 10 gene sets declared significant by WKS and not GSEA are represented by red step functions. They are relatively close to the bisector as expected, but clearly below the G curve, to which WKS compares. This means that in the corresponding gene sets, the genes tend to have significantly smaller weights, i.e., they are significantly underexpressed. An interesting example is the gene set named Acevedo_methyl ated_in_liver_cancer_dn. As indicated by the two letters dn, it contains genes which are known to be down-regulated in case of liver cancer (Acevedo et al., 2008) . On Figure 3 , it appears on the upper left corner: it has p-value close to 0 for WKS, close to 1 for GSEA. Thus WKS has detected it as significantly related to the tested vector, whereas GSEA has not. The case is not unique: 3 gene sets had p-value larger than 0.5 for GSEA, smaller than 10 −3 for WKS.
As already stated, these results were consistently observed for different expression vectors, from different types of cancers. In all cases, WKS declared less significant pathways than GSEA in a proportion of about 10% from the whole database, whereas it tended to detect more significant gene sets among those related to the correct type of cancer.
Next, the GEO dataset GSE3165 of Herschkowitz et al. (2007) was studied. An analysis, similar to the one conducted by Wu and Smyth (2012) , has been carried out. The dataset was annotated using the hgug4110b.db package of Carlson, which yielded N = 12,747 different gene names, since only the platform GPL887 was considered. Subsequently, the 94 samples were divided into two groups: those with basal-like breast cancer and those with one of the other five subtypes of cancer (luminal A, luminal B, Her2, . The row means were computed over the two submatrices yielding two vectors of size 12,747. The difference between these two vectors was then calculated, giving a vector containing the log(FC) between basal-like and non-basal tumors. This vector was tested against the C2 database, using the classical GSEA, and the WKS tests.
Out of the 4722 gene sets, 1229 were declared significant by GSEA and 836 by WKS. Out of the 4722 gene sets, 159 have "breast" in their title. Regarding the breast-related gene sets, 89 were detected as significant by GSEA, 80 by WKS and 79 by both. Thus, 1 gene set is declared significant by WKS only, and 10 by GSEA only. Although GSEA detects more breast-related gene sets, the WKS test still outperforms GSEA, in the sense that the proportion of the breast-related gene sets declared significant over the total number of gene sets declared significant remains higher. Figure 5 plots the cumulated proportions of weights S n (t) for those 11 gene sets, together with the bisector and the function G. Regarding the gene sets declared significant by GSEA only, 7 out of 10 have size below 39 and there, the WKS test tends to underrate significance. Regarding the remaining 3 gene sets, they do not lie very far from the G curve. On the contrary, from the right panel, we see a gene set with clear enrichment at the top of the list that GSEA fails to detect.
To validate further the fact that the WKS test can be really informative from a biological perspective, the vector of the |log(FC)| was also considered. Then, the one-sided WKS test (corresponding to the test statistic sup(S n (t)−G(t))) was applied. The 10 most significant gene sets so obtained, are summarized on Table 1 .
From Table 1 , we see that all gene sets, but the last one, are related to breast cancer. More importantly, the two basal-like signatures come first. On the contrary, the two basal-like signatures come in positions 20 and 25, when GSEA is applied on the same data.
Conclusion
A new method for testing the relative enrichment of a gene set, compared to a vector of numeric data over the whole genome, has been proposed. Like the classical GSEA test of Subramanian et al. (2005) , it is based on cumulated proportions of weights, but here, it is both centered and scaled. A convergence result that generalizes the classical Kolmogorov Smirnov theorem, has been obtained. The corresponding testing procedure extends the standard Kolmogorov Smirnov test and has been called Weighted Kolmogorov Smirnov (WKS). A major advantage of the WKS test is that the calculation of p-values only depends on the vector to be tested, and not on the gene set. Therefore, the same distribution function can be used for calculating p-values over many gene sets. A Monte-Carlo evaluation has shown that the procedure is precise for values of the gene set size larger than 40. For a set of less than 40 genes, the WKS test is conservative, in the sense that the p-value is increased, and therefore the gene set is less likely to be declared significant. For statistical coherence, the gene set size should not be larger than 1000. The WKS test has been compared with the classical GSEA test over expression vectors of tumors coming from the GEO dataset GSE36133 of Barretina et al. (2012) , tested against the MSig database C2 (Subramanian et al., 2005) . The comparison has shown that the results of both tests are globally coherent. The WKS test tends to output less significant gene sets out of the whole database, but more out of gene sets specifically related to the same type of tumor. In particular, the WKS test detects sets of underexpressed genes which are not significant for GSEA. Another comparison has been reported, on the GEO dataset GSE3165 of Herschkowitz et al. (2007) : similar conclusions hold true. Examples where WKS detects clearly enriched gene sets that GSEA fails to detect were given. These encouraging results need to be consolidated, by using the WKS test over different types of vectors, and more databases of gene sets.
Like the GSEA test, the WKS test can be used on any type of numeric data. In particular, a transformation can be applied to the raw expression levels before testing. In particular, the initial data can be replaced by their ranks, in which case the test has low computing cost, for a good precision. If, over the same database, the p-values of the initial vector, and the vector of ranks are compared, a good agreement is observed; yet less gene sets are declared significant against the rank vector. Here, we have considered mainly the two sided version of the test: gene sets are declared significant when their cumulated proportion of weights S n (t) is too far from the theoretical value G(t). The WKS was also made one-sided, by testing the signed difference between S n (t) and G(t): a gene set for which inf(S n (t)−G(t)) is significantly negative, contains genes whose weights tend to be small (depletion). Conversely, gene sets for which sup(S n (t)−G(t)) is significantly positive, contain more genes with large weights (enrichment).
Both the GSEA and the WKS tests have been implemented in a R script. It is available online, together with data samples, and a user manual, from the following address.
http://ljk.imag.fr/membres/Bernard.Ycart/publis/wks.tgz We hope this will encourage further testing of the tool, and validation in new biological studies.
